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ABSTRACT

Understanding and quantifying driver workload is essential for designing safe and 
effective human–vehicle interaction systems, especially in complex, multi-task driving 
contexts. Traditional workload measures often rely on aggregate or subjective indices, 
limiting insight into how distinct perceptual, auditory, cognitive, and motor demands 
evolve over time. To address this gap, this study adopts the Visual–Auditory–Cognitive–
Psychomotor (VACP) paradigm as a structured framework for decomposing driver 
workload and evaluating its physiological validity using eye gaze measures. Using a 
pre-existing simulated driving dataset, workload was modelled during a primary driving 
task combined with three secondary tasks: braking, dialogue-based interactions, and a 
tactile Detection Response Task (DRT). The driving timeline was segmented into five 
conditions: baseline driving, braking only, dialogue only, DRT only, and simultaneous 
braking–dialogue events with onset asynchrony. For each condition, detailed VACP 
workload models quantified visual, auditory, cognitive, and psychomotor demands 
across task phases. Physiological relevance was assessed using pupillometry as an 
objective indicator of cognitive workload. Pupil diameter was analysed in relation to 
time-varying VACP workload estimates. Results showed a clear correspondence between 
increased VACP-defined workload and pupil dilation. Pronounced pupil responses 
occurred during high-demand braking and dialogue events involving concurrent 
workload components, while smaller but consistent responses were observed for 
discrete secondary tasks such as DRT and dialogue interactions. These findings 
demonstrated that pupil diameter is sensitive to both magnitude and composition of 
VACP workload, supporting the framework’s ability to capture meaningful variations in 
driver demand. Overall, the results validated the VACP paradigm as a systematic tool for 
modelling driver workload in complex, multi-task scenarios, with implications for driver 
monitoring, human–machine interface evaluation, and adaptive vehicle technologies.

Keywords: Visual workload, auditory workload, cognitive workload, psychomotor workload, 
human-computer interaction, workload components

INTRODUCTION

Human workload is a critical factor influencing performance, safety, and 
decision-making in complex multitask environments, such as driving, 
aviation, and industrial control. Accurate assessment of workload requires 
a clear understanding of how multiple cognitive and perceptual resources 
are engaged over time. The Visual–Auditory–Cognitive–Psychomotor 
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(VACP) paradigm (McCraken, 1984) provides a structured framework for 
decomposing overall workload into four domains (visual, auditory, cognitive, 
and psychomotor) allowing for a fine-grained analysis of task demands 
(Figure 1). VACP uses an objective scoring system to quantify moment-by-
moment resource utilization during task performance, enabling researchers 
to identify the most demanding task components and potentially reduce the 
overall workload (Wen, 2021; Laux, 2007; Zhang, 2024).

Figure 1: Understanding information processing using diverse resources (Zhang, 2024). 

Previous research has demonstrated VACP’s utility across safety-critical 
domains, including remotely-piloted aircraft operations (Rusnock, 2018), 
maritime tasks (Zhang, 2023), and nuclear power plant control rooms 
(Zoaktafi, 2016). In particular, studies have reported significant correlations 
between analytically derived VACP workload scores and subjective workload 
ratings such as NASA-TLX, supporting the model’s ability to capture perceived 
task demands (Huang, 2023). Despite this validation, most prior VACP 
applications rely heavily on expert interpretation and individuals’ self reports. 
Subjective measures, are influenced by personal bias and individual differences, 
and they generally provide only aggregate assessments after task completion. 
Consequently, these measures cannot capture moment-to-moment fluctuations 
in workload, limiting insight into dynamic cognitive demands.

In contrast, physiological measures offer continuous, time-resolved 
assessment of mental workload. Metrics such as cardiac signals, brain 
signals, and eye gaze have been shown to reliably reflect momentary changes 
in cognitive effort (Masi, 2023). Among these, pupillometry has emerged 
as a particularly robust indicator of workload. Task-evoked gaze responses, 
including changes in pupil diameter, increase with rising cognitive demands 
and have been validated across diverse domains, from classical laboratory 
tasks (Kahneman, 1966; Beatty, 1982) to driving simulations (Palinko, 2010; 
Palinko, 2011; Kun, 2013). Pupillary dynamics reliably track task complexity 
and subjective workload at high temporal resolution (Radhakrishnan, 2023; 
Carisio, 2017; Zeeb, 2016; Unni, 2017).

We use the VACP paradigm to model workload in a driving simulation 
with primary driving and secondary tasks (braking, dialogue, and DRT). 
Analytically derived VACP scales are linked to eye-tracking measures, with 
pupil diameter serving as a moment-to-moment indicator of cognitive load. 
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This integration bridges traditional workload models and physiological 
data, offering validation and deeper insight into dynamic cognitive resource 
allocation in complex multitask environments.

RELATED WORKS

The VACP paradigm is a well-established analytical method for decomposing 
human workload into distinct resource components grounded in multiple 
resource theory. VACP has been applied across a variety of safety-critical 
domains, including aviation, nuclear power plant operations, emergency 
medical services, and driving simulations. Prior studies have demonstrated 
that VACP enables systematic task analysis and the construction of continuous 
analytic workload profiles (CAWP), offering fine-grained insight into how 
workload evolves over time as task demands change. 

Despite its widespread use, VACP research has largely relied on subjective 
ratings or task-analysis predictions rather than physiological validation. 
(Huang et al., 2003) showed that analytically derived VACP scales correlate 
significantly with subjective workload measures (e.g., NASA-TLX), 
supporting VACP’s ability to capture perceived task demands. Similarly, 
(Zoaktafi, 2016) validated the VACP workload assessment in a nuclear 
power plant control room by demonstrating a significant positive correlation 
between analytically assigned VACP workload ratings and operators’ NASA-
TLX scores, supporting VACP’s effectiveness for predicting mental workload 
in safety-critical environments. (Zhang et al., 2023) introduced a risk-based 
workload control method, demonstrating that VACP-derived workload 
predictions align with subjective ratings in maritime tasks.

However, subjective workload measures are inherently based on self-
report, which can be influenced by individual differences, recall bias, and post-
hoc interpretation of task difficulty. Moreover, these measures are typically 
administered after task completion, limiting their ability to capture moment-by-
moment fluctuations. In contrast, physiological indicators can provide continuous, 
time-resolved estimates of workload that more closely reflect transient changes 
in cognitive demand. Recent ergonomics and human factors research reviews 
emphasize the value of physiological measures, including gaze metrics obtained 
from pupillometry, for workload assessment in simulated environments, noting 
that pupillary dynamics often reflect variations in cognitive effort (Masi, 2023).

Physiological eye-tracking research provides a strong basis for linking 
analytical workload models such as VACP to objective indicators of cognitive 
load. Classic psychophysiological studies show that task-evoked pupillary 
responses increase reliably with cognitive demand (Kahneman, 1966; Beatty, 
1982). In driving and simulation contexts, pupil diameter has been shown 
to vary systematically with task complexity and multitasking, providing a 
reliable estimate of mental workload (Palinko, 2010; Radhakrishnan, 2023; 
Carisio, 2017). Similar effects have been reported in automated driving 
scenarios, where pupil dilation increases under higher workload and aligns 
with subjective workload measures (Zeeb, 2016; Unni, 2017). These findings 
support eye gaze as a non-intrusive measure for validating analytically 
derived workload models such as VACP.
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METHODS

Experimental Data

The dataset used in this study consists of multimodal measurements 
(pupillometry, EEG, fNIRS, skin conductance, and respiration) collected from 
82 participants with an average age of 20 years during simulated driving 
(Aygun, 2025b). Participants were instructed to drive in a realistic simulator 
while performing additional tasks. Each participant completed two driving 
sessions separated by a short break. In both sessions, they drove on a four-lane 
highway with a speed limit of 65 mph. The first three minutes of each session 
involved driving only, allowing participants to adapt before secondary tasks 
were introduced. During the sessions, participants periodically completed 
communication tasks, answering a total of 40 questions, with 20 questions per 
session. These questions were presented every 30 to 60 seconds and required 
either yes/no responses or brief verbal explanations. Each session included 10 
braking events in which a lead vehicle appeared 200 m ahead, was followed 
at 75 m for 20 s, then braked suddenly for 5 s before accelerating away.

VACP Workload Components

Visual workload refers to effort required to identify or distinguish between 
different objects with the help of their eyes (Archer, 2005). (Matthews, 1986) 
examined how visual performance may be affected by visual workload 
history and demonstrated that the performance is more prone to be impacted 
by a sudden decrease in the amount of information than by an immediate 
increase. (Lin, 2008) found out that light colour had notable effects on visual 
awareness and subjective visual fatigue, and that illumination had significant 
impacts on reaction time.

Auditory workload refers to insistence of identifying emotions, tones, or 
mood via sound (Boles, 2007). (Birkmire, 1991) proposed that the aim of 
estimating auditory workload is to assess the task efficacy from linguistic 
and aspects of speech communications and individual distinctions.  (House, 
1963) defined three types of factors to affect auditory workload: transmission 
(intelligibility and structure), linguistic (complexity, criticality, and expectancy), 
and individual (ability and training), then quantified auditory workload based 
on reaction time, operation time, accuracy, retention, and dispersion.

Cognitive workload is linked to working memory allocated for 
accomplishing the task (Sweller, 1988) and can be further divided into three 
categories (Das, 2023): (1) intrinsic cognitive load induced by the number of 
items that need to be memorized (Cook, 2017) and elements that need to be 
processed simultaneously (Sweller, 2023); (2) extraneous cognitive load caused 
by external factors which are irrelevant to the target task (Das, 2023); and 
(3) germane cognitive load linked directly to the experimental setup (Cook, 
2017) and the complexity of workload in long-term memory (Das, 2023).

Psychomotor workload is the result of the coordination of sensory processes 
with motor activity and increases in stressful conditions (Sahar, 2022).

Finally, the overall workload is calculated based on different workload 
components with the following equation (Zhang, 2024):
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where Wt, Wti, Vti, Ati, Cti, and Pti represent the operator’s overall workload, 
the ith event’s workload, the ith event’s visual workload component, the ith event’s 
auditory workload component, the ith event’s cognitive workload component, 
and the ith event’s psychomotor workload component, respectively.

Our VACP Design

We developed the VACP model for our driving simulation data based on 
the primary driving task and the three types of secondary events including 
tactile stimulation (DRT), dialogue communications, and braking. We 
partitioned the timeline based on five different cases: 1) baseline case, 2) only 
braking case, 3) only dialogue case, 4) only DRT case, and 5) SOA event (the 
combination of braking and dialogue events). 

Figure 2: The schematic of the VACP design for (a) braking event and (b) for the 
dialogue event of the driving simulation.

Only Braking Case: Figure 2 (a) shows the schematic of the VACP design 
for only-braking event. We recognized only braking case as the situation in 
which the participants were asked for completing the braking event while 
proceeding driving. Based on Table 1, we evaluated the only braking event 
case into three phases to identify the VACP scales given that the participants’ 
possible VACP workload responses would be different based on different 
stages of the braking event. First, Phase 1 represents the timeline between 
the appearance of the car and the onset of the braking of the car. During this 
period, participants only see a car appearing in front of them. We defined the 
VACP scales as 4.4 (track/follow), 0 (no auditory activity, 4.6 (evaluation/
judgment), and 4.6 (manipulative, tracking) for the visual, auditory, cognitive, 
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and psychomotor workload components, respectively. Second, Phase 2 starts 
with the onset of the braking the front vehicle and ends with the participants’ 
reaction to break the pedal. We identified the VACP scales for visual, 
auditory, cognitive, and psychomotor workload components as 5 (visually 
discriminate, detect visual difference), 0 (no auditory activity), 5 (sign/signal 
recognition), and 4.6 (manipulative, tracking), respectively. Lastly, Phase 3 
encompasses the time period starting when the participant engages the brake 
pedal and concluding when the front vehicle is no longer visible.   

Only Dialogue Case: Figure 2 (b) shows the schematic of the VACP design 
for only-dialogue event. We designated only braking case as the condition 
in which the participants were asked for responding yes/no or explanation 
questions while driving. Based on Table 1, we evaluated the only dialogue 
event case into two phases to define the VACP scales. Phase 1 represents 
the time period between the starting and the ending of the question. The 
participant may or may not start responding the questions. Based on the 
onset of participant’s responses, we defined the FTO (the reaction time of 
the participant in seconds) which will be negative if the participant starts 
before the question ends and included in Phase 1. We defined the VACP scales 
for visual, auditory, cognitive, and psychomotor workload components as 
0 (no visual activity), 3 or 6, 1.2 or 4.6, and 0 (no psychomotor activity), 
respectively. Besides, Phase 2 begins with the ending of the question and 
concludes with the participant’s response. We determined the VACP scales for 
visual, auditory, cognitive, and psychomotor workload components as 0 (no 
visual activity), 0 (no auditory activity), 1.2 or 4.6, and 0 (no psychomotor 
activity), respectively.

Table 1: Our VACP design.

Case Phase Visual Auditory Cognitive Psychomotor

Baseline - 0 0 1 2.6

Only Braking
Phase 1
Phase 2
Phase 3

4.4
5
5

0
0
0

4.6
5
5

4.6
4.6
5.5

Only Dialogue Phase 1
Phase 2

0
0

3 or 6
0

1.2 or 4.6
1.2 or 4.6

0
0

Only DRT - 0 1 5 2.2

SOA (Braking + Dialogue - 4.4 3 or 6 6.8 4.6

We selected auditory workload levels of 3 or 6 in Phase 1 based on the 
type of question: a level of 3 was used for yes/no questions, which involve 
interpreting simple semantic speech content consisting of one to two 
words, while a level of 6 was used for explanation questions, which require 
interpreting more complex semantic speech content at the sentence level. 
Similarly, cognitive workload levels of 1.2 or 4.6 were selected for both 
Phase 1 and Phase 2 based on the type of answer, with a level of 1.2 applied 
to yes/no question answers involving alternative selection, and a level of 4.6 
applied to explanation question answers that require evaluation or judgment 
while considering a single aspect.
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Only DRT Case: The DRT event starts with triggering the button and 
ends with the participant’s reaction by pressing the button). Based on these 
definitions, we identified the VACP scales for visual, auditory, cognitive, and 
psychomotor workload components as 0 (no visual activity), 1 (detect/register 
sound), 5 (sign/signal recognition ), and 2.2 (discrete actuation), respectively.

SOA Event (Braking and Dialogue Together): The SOA event starts with 
either the end of the question (dialogue event ends) or the car appears (braking 
event starts) whichever comes first, and ends with the end of participant’s 
response (as the dialogue event will finish). We defined the VACP scales for 
visual, auditory, cognitive, and psychomotor workload components as 4.4 
(visual track/follow), 3 or 6 (based on the question type, 3 for yes/no questions 
and 6 for explanation questions), 6.8 (evaluation/judgment, consider several 
aspects), and 4.6 (manipulative, tracking), respectively.

Figure 3: The association between the change in pupil size and the VACP scales 
captured from a participant performing the simulated driving.

RESULTS

Figure 3 illustrates fluctuations in pupil size corresponding to changes in 
VACP scales, as defined in our VACP design summarized in Table 1. We 
adopted the VACP scale definitions from Rusnock (2018) and amplified the 
pupillometry signal by a factor of three to highlight variations correlated 
with the VACP scales. Notably, the data reveal prominent peaks (highlighted 
by the two blue rectangles) associated with increased VACP output, primarily 
due to braking events. Additionally, smaller transient spikes (indicated by 
green arrows) correspond to VACP increases resulting from discrete DRT 
occurrences every 6–10 seconds.

These results indicate a clear correlation between VACP scales and pupil 
size. Given our previous findings that pupil size reflects human workload 
(Aygun, 2022) as well as other cognitive states such as mind wandering and 
sense of urgency (Scheutz et al., 2024; Aygun et al., 2024; Aygun et al., 2025a) 
in simulated driving, VACP scaling emerges as a potential alternative method 
for assessing cognitive workload. The present dataset offers a valuable 
framework to investigate VACP dynamics and their relationship with mental 
workload during multitask simulated driving scenarios.
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DISCUSSION

Our study demonstrates that analytically derived VACP workload scales 
correspond closely with physiological markers of cognitive load, specifically 
pupil diameter fluctuations, in simulated driving environment. Peaks in pupil 
size were observed during high-demand events (braking and dual-task (SOA) 
conditions), and smaller but consistent changes were associated with discrete 
secondary tasks, such as DRT stimuli. These findings suggest that VACP 
framework captures meaningful variations in cognitive and psychomotor 
demands, and pupillometry provide continuous, time-resolved validation of 
these analytical estimates.

Importantly, our results highlight several advantages of integrating 
physiological measures with analytic workload models. First, while subjective 
measures like NASA-TLX provide valuable insight into perceived workload, 
they are susceptible to recall bias, individual differences, and post-hoc 
interpretation. In contrast, pupillometry captures moment-by-moment 
cognitive dynamics, allowing for detection of transient peaks and subtle 
workload fluctuations that may be overlooked in self-report data. This more 
detailed timing make workload assessment more accurate and help identify 
important parts of the task.

Despite these promising findings, several limitations must be noted. First, 
our study used a pre-existing driving simulation dataset (Aygun et al., 2025b), 
which may not capture all real-world complexities or environmental variability. 
Second, while pupillometry is a sensitive measure of workload, it can also be 
influenced by non-task-related factors such as luminance changes, emotional 
states, or fatigue. Future work could integrate additional physiological 
modalities (e.g., heart rate variability, EEG) to provide multimodal validation 
of VACP estimates. Finally, the generalizability of these results to other task 
domains remains to be explored; extending this approach to aviation, industrial 
control, or other high-stakes environments would help establish the broader 
applicability of the VACP–physiology framework.

CONCLUSION

This study provides evidence that analytically derived VACP workload scales 
align with moment-to-moment physiological markers of cognitive load, 
particularly pupil diameter, in a multimodal and multitask driving simulation 
environment. By linking structured, resource-specific workload modelling with 
continuous eye gaze metrics, we demonstrated the potential for combining 
analytic and physiological approaches to achieve more accurate, dynamic 
workload assessment. Our results supported the use of VACP not only as 
a theoretical framework for task analysis but also as a practical tool for 
evaluating objective real-time cognitive demands in complex environments.

The integration of pupillometry with VACP offers several practical 
implications. It enables the identification of different workload components 
that contribute excessively to overall workload, informs adaptive interface 
design, and provides a foundation for real-time monitoring of operator 
state in safety-critical systems. Future research should explore multimodal 
physiological validation, real-world deployment, and the extension of VACP 
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models to diverse task environments to further strengthen the link between 
analytical workload models and human cognitive dynamics.
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